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Abstract

The efficiency ratings of Decision Making Units (DMUs) using classic Data Envel-
opment Analysis (DEA) models may not be globally comparable when there are at least
two different facets in the efficiency frontier. Centralized Technical Efficiency Data En-
velopment Algorithm (CTEDEA) was proposed for the construction of a single-faceted
efficiency frontier where the efficiency ratings of the DMUs have a central or global
significance rather than have a local significance. With this point of view, CTEDEA is
a mathematically sound improvement of the classic DEA models. This paper proposes
to employ CTEDEA in resolving transportation/assignment problems with multiple
incommensurate inputs and outputs instead of using classic DEA models as done in
some existing papers. Effectively, these papers have treated these classical problems
as problems with multiple objectives, and since we expect multi-objective problems to
have at least two nondominated solutions, we demonstrate in this paper, that DEA
and CTEDEA can indeed produce different nondominated solutions. We also propose
a way to highlight the merits (or demerits) of the solutions obtained from the two
approaches.

1 Introduction

In a standard transportation/assignment problem, only the cost or profit from each origin to
destination/each assignment is considered. However, in real life applications, for each pos-
sible transportation/assignment several kinds of attribute (treated either as inputs and/or
outputs) are usually considered. More often than not, these inputs and outputs are incom-
mensurate. Decision makers can have several different goals or objectives for each possible
shipment/assignment and these goals or objectives may be in conflict with each other. In
[1], Chen and Lu have proposed to solve the assignment problem with multiple inputs and
outputs and call this ’extended assignment problem’. Real life applications wherein several
factors have to be considered in assigning manpower to several professions are mentioned in
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[2, 3]. Hence, Chen and Lu have felt the need to incorporate the efficiency of one possible as-
signment relative to the other into the measure. Data envelopment analysis (DEA) has been
used for the efficiency measure in [1]. In [4], Amirteimoori has extended this DEA based
approach to the transportation problem with multiple attributes and calls this ’extended
transportation problem’.

DEA is a linear programming based technique for measuring the relative efficiencies
of organizational units (decision making units: DMUs) whose analysis is made possible
specially often with the presence of multiple inputs and outputs. Since it was first introduced
by Charnes et al. in 1978 [5], Emrouznejad have cited more than 3000 papers on DEA in
the literature in [6]. However, one may argue about a limitation of DEA regarding the
fact that it is just good at estimating ’relative’ efficiency of a DMU but converges very
slowly to ’absolute’ efficiency. The efficiency ratings obtained in DEA methods may not be
globally comparable. Present DEA methodologies identify an efficiency frontier which may
be composed of one (global) or several (local) efficiency facets. An efficiency facet directly
influences the efficiency rating of a DMU so if there is more than one efficiency facet, then the
DMUs may not be globally compared. To address this problem of an arguable non-global
comparability, Tapia has proposed an algorithm for constructing a single faceted global
efficiency frontier in [7] which is called Centralized Technical Efficiency Data Envelopment
Algorithm (CTEDEA).

In this paper, we aim to resolve the ’extended transportation and assignment problems’
but instead of employing DEA, we propose to use CTEDEA to evaluate the efficiency mea-
sures of the DMUs. We believe that the efficiency ratings of the DMUs based on CTEDEA
are better in reflecting of the DMUs performance of efficiency in the global sense. To illus-
trate our proposed approach, we use the same data in [1, 4] to be able to compare differences
in the results. The multiple attribute nature of the ’extended transportation/assignment
problem’ makes it a Multiobjective Mathematical Programming (MOMP) problem. The
solutions obtained in [1, 4] using the classic DEA models are among other possible compro-
mise or nondominated solutions of the equivalent MOMP problem. CTEDEA, which we
propose, is a mathematically improved procedure that gives a different nondominated solu-
tion. Using some concepts from MOMP, we also suggest a means to evaluate the solutions
obtained in [1, 4] and the solutions obtained in our paper. Hence, the choice of an efficient
solution is a matter to be decided ultimately by a decision maker or by a problem solver.

2 The proposed approach - applying CTEDEA to com-

pute the central efficiencies used in the extended trans-

portation/assignment problems

In the ‘extended transportation/assignment problem’, it is given that for each possible
Arc(i, j) or assignment arising between person i and job j (From here on, the assignment of
person i to job j and vice versa will also be referred to as Arc(i, j).), the q inputs and the s
outputs are denoted as Xij =

(
X1

ij , X
2
ij , . . . , X

q
ij

)
and Yij =

(
Y 1
ij , Y

2
ij , . . . , Y

s
ij

)
, i = 1, . . . ,m,

j = 1, . . . n, respectively. (m = n for an assignment problem).
For each source/person i, all destinations/jobs j, j = 1, · · · , n, are considered as the set

of decision making units (DMUj′s). With the jth destination/job as the target unit, we
evaluate the central efficiency, θceij , of Arc (i, j) using CTEDEA.

CTEDEA involves three computational stages. In the first stage is the identification
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of a surrogate system standard Arc (SSS-Arc) and the associated local efficiency facet S∗s .
This is done first by performing a number of n optimizations of the dual formulation of the
linearized form of the DEA ratio model [5, 8] which we call Charnes Cooper Rhodes Dual
Linear Program (CCRDLP) and is given by

Min θeij

s.t.

θeij (Xij)
T ≥ Xλ

Y λ ≥ (Yij)
T

λ ≥ 0

(1)

where θeij is the input reduction coefficient. (Xij)
T and (Yij)

T are the transpose of the
vectors Xij and Yij , respectively. X is a matrix whose jth column is (Xij)

T , j = 1, . . . n

while Y is a matrix whose jth column is (Yij)
T , j = 1, . . . n. λ = (λi1, . . . , λin)

T
is an

n-column vector and 0 is a n-column zero vector.

CCRDLP (1) directly provides the local efficiency rating of Arc(i, j) as the optimal

value of θeij which we denote as θe
∗
ij . If θe

∗
ij = 1 and the input and output slacks are zero,

then Arc(i, j) is said to be locally efficient; meaning no reduction in all inputs is necessary.

Therefore, Arc(i, j) is inefficient if θe
∗
ij < 1. The optimal value of the vector λ identifies

a subset, called a local efficiency facet, of efficient Arcs defining a boundary for Arc(i, j)’s
input and output empirical values. The efficiency levels for Arc(i, j) are specified by the
product Xλopt for its inputs and Y λopt for its outputs.

From the optimal solutions of CCRDLP (1), a set of locally efficient Arcs (LE-Arcs) is
identified :

S1 =
{
Arc(i, j), j = 1, . . . n/θe

∗
ij = 1

}
The average per attribute of the LE-Arcs’ input and output data are then computed as
follows :

X1 =
1

|S1|
∑

Arc(i,j)∈S1

(Xij)
T

(2)

Y 1 =
1

|S1|
∑

Arc(i,j)∈S1

(Yij)
T

(3)

where (Xij)
T and (Yij)

T have the same definition as in (1).
∣∣S1
∣∣ is the cardinality of the set

S1. X1 and Y 1 identify the input and output pair for the LA-Arc representing the average
of all the LE-Arcs in the given system.

The efficiency of this surrogate LA-Arc is evaluated by solving the following model which
is referred to as LALP.
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Min θe
1

s.t.

θe
1

X1 ≥
[
XX1

]
λ[

Y Y 1
]
≥ Y 1λ

λ ≥ 0

(4)

where θe
1

is the input reduction coefficient.
[
XX1

]
and

[
Y Y 1

]
are input and output

matrices augmented by the input and output vectors of the LA-Arc respectively. λ is now
an n+1-column vector while 0 is an n+1-column zero vector.

From the optimal solution of the LALP, the local efficiency facet is determined:

S∗s = {Arc(i, j), j = 1, . . . n/λij > 0}

This set is composed of data efficient Arcs (See [7] for a similar proof.) and therefore can
be used as a local facet representing the system standard of efficiency.

The second stage is the definition of a surrogate system standard Arc (SSS-Arc). The
SSS-Arc’s input and output levels are defined in this manner:

X∗ =
1

|S∗s |
∑

Arc(i,j)∈S∗
s

(Xij)
T

(5)

Y ∗ =
1

|S∗s |
∑

Arc(i,j)∈S∗
s

(Yij)
T

(6)

where (Xij)
T and (Yij)

T have the same definition as in (1). |S∗s | is the cardinality of the set
S∗s .

The SSS-Arc is said to be data efficient (See [7] for a similar proof.) and it can be
demonstrated by using the following model which we refer to as SSLP.

Min θe
∗

s.t.

θe
∗
X∗ ≥ [XX∗]λ

[Y Y ∗] ≥ Y ∗λ

λ ≥ 0

(7)

where θe
∗
, λ and 0 are defined similarly as in (4). [XX∗] and [Y Y ∗] are input and output

matrices augmented by the input and output vectors of the SSS-Arc respectively. Since the
SSS-Arc is data efficient, it can be used in defining a unique set of criteria on the basis of
which the Arcs in the system may be evaluated.

After selecting an SSS-Arc, a number of other data efficient surrogate Arcs (DES-Arcs)
are generated to ensure global envelopment of all the Arcs in the given system. To find the
input level, sXij , and the output level, sYij , of the DES-Arc(i, j), j = 1, . . . n, the following
pairs of systems of equations are solved.

αk(Xij)
T = sXij

uopt ◦ (X∗ − sXij) = 0

}
βk(Yij)

T = sYij
vopt ◦ (Y ∗ − sYij) = 0

}
(8)
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where αk and βk are constants of proportionality. (Xij)
T and (Yij)

T are the same as in
CCRDLP (1). X∗ and Y ∗ are given by (5) and (6) respectively. uopt and vopt are the
optimal values of the dual variables of the SSLP.

The third stage of CTEDEA is the evaluation of the central technical efficiency of each
Arc. This uses the set of DES-Arcs in just one facet. For this purpose, the augmented
surrogate input data matrix, aXij , and the augmented surrogate output data matrix, aYij ,
are constructed as follows:

∀Arc(i, j), j = 1, . . . n, aXij =
[
sXi1 sXi2 . . . sXin (Xij)

T
]

aYij =
[
sYi1 sYi2 . . . sYin (Yij)

T
] (9)

The following model can therefore be used for the central technical evaluation of the
original Arc(i, j). We refer to this as CTELP.

Min θceij

s.t.

θceij (Xij)
T ≥ aXijλ

aYij ≥ (Yij)
Tλ ≥ 0

(10)

The optimal value of θceij is the measure of the central technical efficiency of Arc(i, j).
CTELP (10) uses Arc(i, j)’s input and output data levels together with those of the n-DES
Arcs. It evaluates an Arc(i, j) in comparison with the DES-Arcs which are all data efficient.

Using CTEDEA, the central efficiency of Arc(i, j) denoted as θcei1 , θcei2 , . . . θcein can be
obtained by changing j in the algorithm.

Considering now that for each destination/job j, all sources/persons i, i = 1, · · · ,m are
the set of decision making units (DMUi′s). With the ith source/person as the target unit,
the global efficiency, θc̃eij of Arc(i, j) can be computed using the same steps of CTEDEA.

Likewise, The central efficiency of Arc(i, j) denoted as θc̃e1j , θc̃e2j , . . . θc̃emj can be ob-
tained by changing i in the algorithm.

We use the notations θceij and θc̃eij for the central technical efficiencies in a transporta-

tion problem while the notations θCEij and θC̃Eij are used in an assignment problem.
For each Arc(i, j) in the ’extended transportation problem’, two central efficiencies θceij

and θc̃eij are computed respectively for the DMUj′s and DMUi′s. The two indices are
used to derive a central composite efficiency index given by (as proposed in [4])

θceij =
θceij + θc̃eij

2
, i = 1, 2, . . .m, j = 1, 2 . . . n. (11)

To determine the transportation plan with the maximum efficiency, the following model
(as also proposed in [4]) is solved.

Min θe =

m∑
i=1

n∑
j=1

(1− θceij )xij

s.t.∑n
j=1 xij = si, i = 1, . . .m,∑m
i=1 xij = dj , j = 1, . . . n,

xij ≥ 0 for all i, j

(12)
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where xij is the amount of shipment from source i to destination j, si is the amount of com-
modity that source i can supply and dj is the amount of commodity that must be supplied
to destination j.

For the assignment arising between the ith worker and the jth job, two central efficiencies,

θCEij and θC̃Eij , are likewise obtained. We define the central composite efficiency index (as
proposed in [1]) as

θCEij = θCEij × θC̃Eij i, j = 1, 2, . . . n (13)

To determine the assignment plan to maximize efficiency, the following model is solved
(as proposed in [1]) .

Max θE =

n∏
i=1

n∏
j=1

(θCEij )xij

s.t.∑n
j=1 xij = 1, i = 1, . . . n,∑n
i=1 xij = 1, j = 1, . . . n,

xij = 0, or 1 for all i, j

(14)

where xij = 1 means that worker i is to be assigned to job j while the assignment does
not happen if xij = 0. Since 0 < θCEij ≤ 1 and xij = 0 or 1, it can be concluded that
0 < θE ≤ 1. The objective in (14) is in exponential form, it is transformed into an integer
linear programming model by applying the logarithmic function as follows:

Max θE1 = Max log θE =

n∑
i=1

n∑
j=1

xij log (θCEij )

s.t.∑n
j=1 xij = 1, i = 1, . . . n,∑n
i=1 xij = 1, j = 1, . . . n,

xij = 0, or 1 for all i, j

(15)

3 Numerical Examples and Analysis of Results

To illustrate our proposed extension of the transportation and assignment problems using
the CTEDEA approach, we use the same numerical examples presented in [4] and [1]. This
allows us to compare the efficiencies obtained using classical DEA models with the efficiencies
resulting from applying CTEDEA. We have developed computer codes using the Advanced
Integrated Multidimensional Modeling Software (AIMMS) [9] computer software in order
to implement CTEDEA.

In [4], Amirteimoori considers an automobile manufacturer who has assembly plants
located in eight towns: A,B,C,D,E, F,G and H. The cars are assembled and sent to
major markets in three towns: I, J , and K. The manufacturer considers one input (shipping
cost) and two outputs (the value of shipment and profit). The appropriate input-output,
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availabilities (si), and demands (dj) are listed in Table (1). The relative efficiencies obtained
in [4] are given in Table (2).

Table 1: Data for the transportation problem : (Shipping Cost, Value of Shipment, Profit)

i\j I J K si

A (531, 3500, 500) (431, 380, 600) (395, 3950, 400) 10

B (394, 2850, 500) (418, 2395,700) (512, 2590, 485) 13

C (405, 310, 800) (512, 409, 1000) (412, 390, 1100) 11

D (355, 290, 705) (493, 385, 617) (570, 419, 518) 7

E (299, 415, 585) (398, 512, 490) (315, 255, 380) 9

F (319, 512, 488) (464, 215, 305) (435, 355, 512) 9

G (619, 612, 619) (490, 510, 505) (354, 550, 490) 4

H (456, 299, 601) (394, 512, 432) (439, 499, 519) 6

dj 30 25 14

Table 2: The relative efficiencies: DEA
eij ẽij eij

i\j I J K I J K I J K

A 0.718 1.000 0.749 0.481 0.881 0.692 0.600 0.941 0.721

B 1.000 1.000 0.565 0.769 1.000 0.550 0.885 1.000 0.557

C 1.000 0.842 1.000 0.994 0.703 1.000 0.998 0.772 1.000

D 1.000 0.953 0.895 1.000 0.780 0.586 1.000 0.867 0.740

E 1.000 0.924 0.616 1.000 1.000 0.737 1.000 0.962 0.692

F 1.000 0.411 0.767 1.000 0.416 0.725 1.000 0.413 0.746

G 0.861 0.744 1.000 0.749 0.821 1.000 0.805 0.783 1.000

H 1.000 1.000 0.967 0.668 1.000 0.750 0.834 1.000 0.859

eij - relative efficiency of Arc(i, j) under DMUj′s, ẽij - relative efficiency of Arc(i, j) under

DMUi′s, eij - composite relative efficiency

We perform the steps of CTEDEA and solve CTELP (10) to obtain the optimal values
of θceij and θc̃eij which are given in Table (3). We derive a new central efficiency index,
θceij , using (11) also given in Table (3).

As to be expected, the central efficiencies obtained in this paper are different from the
relative efficiencies obtained in [4]. Some Arcs which are locally efficient are no longer
globally efficient on one system standard. Also, some Arcs which are not efficient locally
turn out to be efficient globally because it is mathematically possible that such Arcs can
actually either belong to the single-faceted frontier or are trade off equivalent to a linear
combination of data efficient surrogate (DES) DMU. (See [7] for more discussion on this.)

Under DMUj′s (See Tables (2) and (3)), the arcs which are locally efficient but are no
longer globally efficient are Arc(A, J), Arc(B, J), Arc(C, I) and Arc(H, I) while Arc(A, I),
Arc(A,K) and Arc(H,K) are globally efficient despite being locally inefficient. Under
DMUi′s (See Tables (2) and (3)), Arc(D, I), Arc(E, I), Arc(F, I), Arc(E, J), Arc(H,J),
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Table 3: The central efficiencies: CTEDEA
θeij θẽij θeij

i\j I J K I J K I J K

A 1.000 0.352 1.000 1.000 0.469 1.000 1.000 0.165 1.000

B 1.000 0.919 0.745 1.000 1.000 0.830 1.000 0.919 0.618

C 0.758 0.761 1.000 0.427 0.568 0.500 0.324 0.432 0.500

D 1.000 0.725 0.587 0.436 0.420 0.227 0.436 0.304 0.133

E 1.000 0.753 0.603 0.521 0.520 0.279 0.521 0.391 0.168

F 1.000 0.357 0.636 0.488 0.231 0.275 0.488 0.083 0.175

G 0.677 0.705 1.000 0.310 0.428 0.406 0.210 0.302 0.406

H 0.921 1.000 1.000 0.307 0.495 0.320 0.283 0.495 0.320

θeij - central efficiency of each Arc(i, j) under DMUj′s, θẽij - central efficiency of each Arc(i, j)

under DMUi′s, θeij - composite central efficiency

Arc(C,K) and Arc(G,K) are locally efficient but are no longer globally efficient while the
arcs which are locally inefficient but turn out to be globally efficient are Arc(A, I), Arc(B, I),
Arc(A,K).

Using the central efficiencies in Table (3) we first solve the LP model (12) using AIMMS
and obtain the following results.

xAI = 5, xAK = 5, xBJ = 13, xCJ = 6, xCK = 5,
xDI = 7, xEI = 9, xFI = 9, xGK = 4, xHJ = 6,

with a maximum central efficiency of 56.

The optimal solution obtained in [4] is

xAJ = 10, xBI = 4, xBJ = 9, xCI = 1, xCK = 10,
xDI = 7, xEI = 9, xFI = 9, xGK = 4, xHJ = 6,

with a maximum relative efficiency of 67.

Likewise, the optimal solution obtained here is different from the solution in [4]. This is
again somehow expected since different efficiency values are used in the objective functions
of the model. It can be observed that the maximum relative efficiency obtained in [4] is
greater than the maximum central efficiency obtained in our paper but this does not mean
that the solution in [4] is better than what we have obtained since it is arguable that the two
are not truly comparable being the results of two inconsistent ideas of efficiency analysis.

To analyze further the two solutions, we use some concepts from MOMP. The trans-
portation problem considered here with multiple attributes can be considered as an MOMP
problem. We want to minimize the total shipping cost (objective 1) but at the same time
maximize total shipping value (objective 2) and total profit (objective 3). In [10], Tapia
and Murtagh propose a solution approach to generate nondominated solutions in an MOMP
problem and provide a decision maker a way to compare these nondominated solutions. A
decision maker can compute the actual percentage of achievement for the objective function
i of a nondominated solution given by
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pai =

[
1−

fi(x
∗)− fi(xf∗

i
)

f+i − fi(xf∗
i
)

]
∗ 100% (16)

This signifies the degree of closeness of the i-th objective’s computed value of fi(x
∗) to the

true minimum fi(xf∗
i
) over the range of values between the worst value of fi denoted by

f+i , and fi(xf∗
i
). (See [10] for more details.)

Since the solutions in [4] and in our paper are considered nondominated solutions we can
use (16) to evaluate the actual percentages of achievement. The results are given in Table
(4) where the best and worst values of the attributes are also shown in the accompanying
decision matrix which describes the results of the optimization of each of the attributes,
individually.

Table 4: Percentage of Achievement of Attributes for the extended transportation problem

Total Input 1/ pa Total Output 1/ pa Total Output 2/pa

CTEDEA 27,023/ 66.89% 88,434/ 78.29% 44,244/ 56.40%

DEA [4] 26,000/ 97% 56,610/ 7.79% 45,244/ 68.68%

Min Input1 25,924/ 100% 68,750/ 34.68% 44,044/ 53.94%

Max Ouput1 29,243/ 0% 98,234/ 100% 39,652/ 0%

Max Ouput2 28,315/ 27.96% 53,093/ 0% 47,794/ 100%

Input 1 - Shipping Cost, Output 1 - Value of Shipment, Output 2 - Profit,

pa - percentage of achievement, the last 3 rows comprise the MOMP decision support matrix.

The solution obtained in [4] gives a higher percentage of achievement for objectives 1
and 3 while our solution gives a much higher percentage of achievement for objective 2.
This means that the solution in [4] translates to a closer value of the shipping cost to its
true minimum and of the profit to its true maximum. However, our solution results into a
much closer value of the shipping value to its true maximum.

Thus, having such choices of solutions, a decision maker needs to decide on which compro-
mise solution to adopt to the extended transportation problem as a multiple-attribute or
multi-objective problem.

In [1], the assignment of eight R&D projects to be performed by eight appropriate R&D
teams is considered. Each team is technically capable of carrying out a project. However,
the resource requirements and resulting outputs are different for each assignment, the per-
formance depends on the assignment decision. There is one input, financial requirement
and two outputs, profit and techniques upgraded index. Table (5) gives the data sets for all
possible assignments. The results obtained in [1] are given in Tables (6, 7, 8).
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Table 5: Data for the assignment problem: (Financial Requirement, Profit, Techniques

Upgraded Index)

Team Project

i\j 1 2 3 4

1 (48.6,74.8,36.5) (51.0,65.5,55.0) (55.1,73.3,31.3) (94.6,80.5,66.5)

2 (86.1,75.5,80.7) (70.8,99.8,59.8) (45.8,52.0,59.8) (80.5,29.5,49.0)

3 (56.6,97.3,23.5) (24.5,90.9,55.7) (76.9,93.6,46.0) (98.5,93.2,28.8)

4 (63.2,83.4,77.7) (83.5,31.6,76.8) (40.9,93.2,95.8) (86.6,85.4,45.7)

5 (40.8,75.9,45.9) (68.0,87.7,20.8) (42.7,80.4,80.9) (49.8,34.4,92.9)

6 (75.4,77.6,96.5) (32.0,99.2,42.5) (47.5,96.8,69.2) (41.3,75.7,25.8)

7 (82.8,92.0,44.4) (42.7,89.7,92.7) (93.5,87.2,18.4) (79.2,49.3,49.6)

8 (62.6,49.2,15.8) (38.2,83.5,11.8) (40.5,78.8,40.7) (67.4,67.4,91.2)

i\j 5 6 7 8

1 (39.3,60.6,44.0) (67.5,96.2,78.0) (75.6,58.1,69.0) (76.0,93.0,31.4)

2 (29.7,99.7,27.8) (84.2,60.0,24.0) (92.5,97.2,87.3) (24.1,100,25.5)

3 (38.5,84.2,31.0) (88.5,79.3,21.1) (33.9,74.7,69.9) (28.6,84.8,43.2)

4 (64.3,83.4,67.4) (15.1,22.6,77.6) (80.5,91.6,70.3) (94.9,83.0,30.2)

5 (93.7,99.8,72.6) (14.2,35.8,93.5) (81.2,61.4,84.6) (49.7,99.9,97.8)

6 (19.4,52.8,82.6) (45.8,75.4,31.4) (58.1,75.5,63.6) (33.2,71.8,40.8)

7 (47.6,90.2,45.2) (22.6,93.3,67.2) (63.9,46.8,71.7) (73.3,73.7,25.4)

8 (80.2,69.6,27.8) (67.2,36.7,44.8) (72.8,85.8,46.8) (69.3,97.9,39.6)

Table 6: The relative efficiency, Eij , for all possible assignments under DMUj′s: DEA

i\j 1 2 3 4 5 6 7 8

1 1.000 0.947 0.892 0.852 1.000 1.000 0.885 0.966

2 0.966 1.000 1.000 0.611 0.997 0.600 1.000 1.000

3 1.000 1.000 0.996 0.965 0.880 0.817 1.000 1.000

4 0.895 0.801 1.000 0.916 0.895 1.000 0.982 0.890

5 0.905 0.878 0.921 0.950 0.998 1.000 0.865 1.000

6 1.000 1.000 1.000 0.763 1.000 0.760 0.826 0.775

7 0.985 1.000 0.934 0.548 0.967 1.000 0.773 0.790

8 0.519 1.000 1.000 1.000 0.711 0.522 0.935 1.000
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Table 7: The relative efficiency, Ẽij , for all possible assignments under DMUi′s: DEA

i\j 1 2 3 4 5 6 7 8

1 0.888 0.700 0.757 1.000 0.746 1.000 0.834 0.930

2 0.935 1.000 0.624 0.533 1.000 0.624 1.000 1.000

3 1.000 1.000 0.966 1.000 0.858 0.824 1.000 1.000

4 1.000 0.828 1.000 1.000 0.966 0.830 0.990 0.830

5 1.000 0.879 0.860 1.000 1.000 1.000 1.000 1.000

6 1.000 1.000 1.000 1.000 1.000 0.795 0.900 0.746

7 1.000 1.000 0.900 0.659 0.955 1.000 0.905 0.737

8 0.515 0.841 1.000 1.000 0.697 0.528 0.957 0.979

Table 8: The composite relative efficiency, Eij , for all possible assignments: DEA

i\j 1 2 3 4 5 6 7 8

1 0.888 0.663 0.675 0.852 0.746 1.000 0.738 0.898

2 0.903 1.000 0.624 0.326 0.997 0.374 1.000 1.000

3 1.000 1.000 0.962 0.965 0.755 0.673 1.000 1.000

4 0.895 0.663 1.000 0.916 0.865 0.830 0.972 0.739

5 0.905 0.772 0.792 0.950 0.998 1.000 0.865 1.000

6 1.000 1.000 1.000 0.763 1.000 0.604 0.743 0.578

7 0.985 1.000 0.841 0.361 0.923 1.000 0.700 0.582

8 0.267 0.841 1.000 1.000 0.496 0.276 0.895 0.979

We likewise perform the steps in the algorithm of CTEDEA and solve CTELP (10) to

obtain the optimal values of θCEij and θC̃Eij . The central composite efficiency index, θCEij ,
is derived by using (13). The values of the central efficiencies for the assignment problem
are given in Tables (9, 10, 11).

Table 9: The central efficiency, θCEij , for all possible assignments under DMUj′s:CTEDEA

i\j 1 2 3 4 5 6 7 8

1 0.877 0.905 0.727 0.595 1.000 0.989 0.644 0.627

2 0.534 0.664 0.719 0.287 1.000 0.294 0.588 1.000

3 0.357 1.000 0.303 0.207 0.500 0.190 0.713 0.748

4 0.494 0.251 0.895 0.293 0.454 1.000 0.389 0.231

5 0.328 0.175 0.415 0.281 0.202 1.000 0.197 0.437

6 0.428 0.821 0.648 0.456 1.000 0.433 0.444 0.629

7 0.232 0.601 0.159 0.176 0.401 1.000 0.261 0.190

8 0.403 0.968 1.000 0.913 0.471 0.471 0.707 0.770
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Table 10: The central efficiency, θC̃Eij , for all possible assignments under DMUi′s:CTEDEA

i\j 1 2 3 4 5 6 7 8

1 0.842 0.395 0.411 0.619 0.497 0.328 0.394 0.374

2 0.667 0.377 0.528 0.388 0.802 0.127 0.468 1.000

3 0.785 1.000 0.393 0.493 0.559 0.144 1.000 1.000

4 0.937 0.217 1.000 0.603 0.438 0.843 0.472 0.272

5 1.000 0.267 0.817 1.000 0.344 1.000 0.422 0.908

6 0.849 0.740 0.756 0.979 1.000 0.296 0.561 0.774

7 0.606 0.714 0.244 0.497 0.531 0.902 0.435 0.309

8 0.382 0.417 0.639 0.937 0.227 0.154 0.427 0.453

Table 11: The composite central efficiency, θCEij , for all possible assignments:CTEDEA

i\j 1 2 3 4 5 6 7 8

1 0.739 0.357 0.299 0.368 0.497 0.324 0.254 0.234

2 0.356 0.250 0.380 0.112 0.802 0.037 0.275 1.000

3 0.280 1.000 0.119 0.102 0.279 0.027 0.713 0.748

4 0.463 0.055 0.895 0.177 0.199 0.843 0.184 0.063

5 0.328 0.047 0.339 0.281 0.069 1.000 0.083 0.397

6 0.364 0.608 0.490 0.446 1.000 0.128 0.249 0.487

7 0.140 0.429 0.039 0.087 0.213 0.902 0.114 0.059

8 0.154 0.404 0.639 0.855 0.107 0.072 0.302 0.349

Using the central efficiencies in Table (11), we solve the model (15) employing AIMMS
and the variables with a value of 1 are x11, x28, x37, x43, x56, x65, x72, x84 with a maximum
central efficiency of 0.18. Our results are again different from the results in [1] in which
the solution variables generated are x16, x27, x31, x43, x58, x65, x72, x84, with a maximum
relative efficiency of 1. Likewise, the objective function values here are not comparable as
one is relative while other is central.

However, it can be observed in Tables (9) and (10), that for a given set of DMUs, most
of the time only one turns out to be efficient. This is somehow expected since we employ
in this paper CTEDEA in which the results are based on one system standard. Hence,
if we rank the DMUs based on their efficiencies, the rankings are easily interpreted. It
can be seen from Tables (6) and (7) that for a given set of DMUs a number of them turn
out to be efficient and this results to different efficiency facets. Hence, the rankings here
are not globally comparable. Since the efficiency ratings that we used are the centralized
efficiency ratings which are more reflective of the DMU’s performance, solutions obtained
in this paper, in our opinion, are more appropriate assignments.

We likewise analyze further the two solutions by computing the actual percentages of
achievement for each objective function. We let objective 1 be minimizing the total financial
requirement, objective 2 be maximizing the total profit and objective 3 be maximizing the
total techniques upgraded index. The actual percentages of achievement and the accompa-
nying decision matrix are given in Table (12).
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Table 12: Percentage of Achievement of Attributes for the extended assignment problem

Total Input 1/ pa Total Output 1/ pa Total Output 2/pa

CTEDEA 291.2/ 94.35% 588.4/25.16% 587.7/ 49.42%

DEA [1] 436.7/ 46.35% 693.7/68.87% 648.8/ 80.02%

Min Input1 274.1/ 100% 527.8/ 0% 518.4/ 14.72%

Max Ouput1 577.2/ 0% 768.7/ 100% 489/ 0%

Max Ouput2 407.6/ 55.95% 649.4/ 50.48% 688.7/100%

Input 1 - Financial Requirement, Output 1 - Profit, Output 2 - Techniques Upgraded Index

pa - percentage of achievement, the last 3 rows comprise the MOMP decision support matrix.

Our solution gives a better percentage of achievement for the first objective which means
that the solution obtained in this paper results into a closer value of the total financial re-
quirement to its true minimum. The solution in [1] gives a higher percentage of achievement
for objectives 2 and 3 which means that their solution translates to a closer value of the
total profit and total techniques upgraded index to their respective maximum values.

The above mentioned analysis would definitely assist the decision maker in deciding
which of the two solutions to adopt.

4 Conclusion

In this paper, we have resolved transportation/assignment problems, not as classical math-
ematical programming problems, but as problems with multiple attributes. Instead of using
classic DEA models as done in [1, 4], we have used CTEDEA for evaluating the efficiency rat-
ings of the DMUs. The DMUs’ efficiency ratings in CTEDEA are considered to have global
or systemwide significance, instead of some of them having efficiency ratings which are sig-
nificant only relative to some DMUs in a local efficiency facet. Since we have also treated
transportation/assignment problems as problems with multiple attributes/objectives, we
have demonstrated the existence of other nondominated solutions. In fact, any other method
that may be proposed in the future can also possibly give a different nondominated solution.
Because of the fact that nondominated solutions are generally hardly comparable in an ’op-
timal sense’, we have also suggested to use the concept of actual percentages of achievement
(a concept borrowed from MOMP) to be able to highlight the merits (or demerits) of the
nondominated solutions resulting from our method and from [1, 4]. In proposing CTEDEA,
we are hoping to expand the literature so that a wider variety of methods may be available
to any discerning problem solver, who is confronted with a problem with multiple attributes
or multiple objectives.
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